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ABSTRACT

Energy management (EM) in renewable-integrated microgrids (MGs) with hybrid energy storage systems (HESS)
is critical for ensuring operational reliability, reducing emissions, and minimizing costs. However, existing ap-
proaches often suffer from limited adaptability under dynamic conditions, reduced predictive accuracy, and
insufficient renewable utilization. To overcome these limitations, this paper suggests a hybrid framework that
integrates the Wombat Optimization Algorithm (WbOA) with an Augmented Physics-Informed Neural Network
(APINN). In this framework, WbOA performs optimal scheduling of power distribution and charge-discharge
operations of the HESS, while APINN enhances forecasting accuracy by embedding physical constraints such as
power balance and storage dynamics into the learning process. Simulation results demonstrate that the suggested
WbOA-APINN method outperforms benchmark techniques including PSO, GA, and recent hybrid models. Spe-
cifically, it achieves a system efficiency of 98.7 %, delivers 4.38 kWh of useful energy to the load over a 24-h
horizon, reduces COz emissions to 0.15 kg/kWh, and lowers operational cost to $124.5 per day by accounting
for grid purchase, non-renewable generation, O&M, and battery degradation costs. These improvements high-
light the synergistic benefits of integrating WbOA with APINN, offering a robust, scalable, and economically
viable solution for intelligent EM in renewable-integrated MGs.

1. Introduction

1.1. Background

optimally in relation to the dynamic load requirements. This is because
the power flow (PF) is maintained by the inter- RESs coordination and
storage units even when both the generation and demand are Variable
[6,7]. With such systems, it can also be made to operate the MG in

EM in MGs integrated with renewable energy sources (RESs) and
HESSs plays a crucial role in enhancing power reliability, reducing
dependence on conventional energy sources, and supporting environ-
mental sustainability [1,2]. As the global energy demand continues to
grow, integrating RESs such as solar as well as wind into MGs helps in
utilizing locally available clean energy while minimizing transmission
losses [3]. Nevertheless, renewable sources have the disadvantage of
being intermittent and variable, which means that they can challenge
the stable supply of power. To manage such variations, HESSs, which
integrate technologies such as batteries as well as Supercapacitors (SCs)
are implemented to balance energy in the short-term and the long-term
[4,5]. With this setup, efficient EM demands that the generation, storage
as well as consumption of power should be scheduled and managed

* Corresponding authors.

grid-connected and islanded modes which allows it to be more flexible
and resilient in its operations [8]. Monitoring of the charging and dis-
charging of storage devices based on the energy availability as well as
demand helps in reducing wastage of energy and also increasing the life
span of storage devices [9]. EM can also aid in peak shaving and load
levelling which decreases the stress on the grid and the costs of opera-
tion. The use of the combination of RESs and HESSs in MGs helps to meet
the goals of emission reduction by eliminating the use of fossil fuels as
much as possible [10,11]. It also promotes energy independence in
isolated and rural areas where people are not so reliant on central
power. A properly scheduled EM plan may facilitate priority of loads,
whereby the most important services are not interfered during the
occurrence of a power shortage [12]. In addition, the operators can
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better plan their maintenance and resources allocation based on fore-
casting energy generation and consumption trends. Last but not least,
regulatory frameworks and incentive schemes are put in place to pro-
mote such sustainable energy infrastructures [13,14]. Power electronics
and control systems develop MG component regulation. In general, EM
in MGs including RESs and HESSs plays a crucial role in realizing sus-
tainable, reliable, and affordable power systems [15].

1.2. Literature survey

Various studies have invested their research into EM in MGs inte-
grated with RESs and HESS by applying different technological methods.
This section reviews several research studies about EM in MGs inte-
grated with RESs and HESS.

Sathishkumar et al. [16] have presented that hybrid PDO-MACNN
algorithm to manage grid-independent hybrid RESs power in a HESS.
To minimalize Total Harmonic Distortion (THD), provide active power
balance by means of controlled charging as well as discharging and keep
DC-link voltage within predefined operating limits, the method involves
MACNN to forecast RESs performance and PDO to optimize three-phase
inverter controller parameters. Ramu et al. [17] have introduced that an
ANN based EM strategy to operate a DC MG system supported by a HESS
and charged by a PV system. The HESS incorporates a battery and a SC
so that they can exchange energy in a coordinated way, though using a
Bidirectional Converter (BC). The ANN-based control was to stabilize
the State-of-Charge (SoC), balance the loads, guide the PF and improve
the voltage profile of the MG with various PV generation conditions.
Kumar et al. [18] have presented that an intelligent MG including RESs
and an energy storage system (ESS) applies the hybrid FFO-DADRCNN
methodology of EM. The DADRCNN was applied to the accurate pre-
diction of the load, as well as the FFO component was applied to regulate
the MG system. By incorporating PV units, Wind Turbines (WTs), stor-
age elements, and variable loads, this method aims at enhancing grid
stability and operational performance and effectively managing load
demand. Chekira et al. [19] have presented that an EM System (EMS) of
an MG including variable load requirements, a HESS composed of bat-
teries and SC, hybrid RESs (PV/ WT). The EMS uses an ANN-based
system control system with Nonlinear Autoregressive Moving Average
Level 2 (NARMA-L2) and a Maximum Power Point Tracking (MPPT)
algorithm based on Nonlinear Autoregressive with exogenous inputs
(NARX) in the PV system. Energy was distributed under the control of
decision logic which takes account of battery SoC, available PV/WT
power and load requirements. SCs reduce DC bus voltage excursions to
enhance system stability and lifetime as well as reduce battery stress.
Sruthi et al. [20] have introduced that RESs hybrid MRA-FLC approach
to EM in DC MGs that support Electric Vehicle (EV) charging systems.
The introduced solution reduces the wear and tear of storage devices and
ensures the consistent power supply since the RESs were coupled with a
Battery ESS (BESS). Srikanth et al. [21] have developed that CNNs were
used to achieve SoC balancing through learnt nonlinear mappings be-
tween inputs and control actions in a centralized electromagnetic system
for MGs with hybrid PV and BESS distributed generators. The
CNN-based EMS performs better by optimizing the CNN weights using
an ECOA, which eliminates the need for intricate computations. This
approach learns from operational trends to provide accurate MG dy-
namics prediction and efficient control. Alghamdi [22] have introduced
that the Improved Gradient-Based Optimization (IGBO) approach,
which integrates RES and non-RESs in an MG with effective EM and
scheduling using an IGBO algorithm. By controlling energy exchange
with the grid and maximizing BESS charge-discharge cycles, the tech-
nique aims to optimize the use of RESs while reducing operating ex-
penses. Kumar and Karthikeyan [23] have presented that the Golden
Jackal Optimization (GJO) method, which could be used in EM in
distributed-generation systems comprising hybrid RESs and BESS. To
certify effective MG operation, the strategy aims at minimizing oper-
ating expenses and addressing constraints like power balance,
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generating constraints, and load requirement as well as the
charge-discharge characteristics of storage units.

An improved EMS for a hybrid PV-WT MG with grid connectivity and
battery storage was demonstrated by Merabet et al. [24]. The method
incorporates load shifting to lower costs, investigates various profiles to
enhance performance, optimizes battery power based on grid electricity
pricing using a contribution factor, and takes component efficiencies
into consideration when calculating energy costs. Hai et al. [25] an
effective strategy for MG operation by integrating vehicle-to-grid (V2G)
technology with RES. To address uncertainties in EV Charging (EVC) as
well as discharging, renewable generation, load demand, and market
price variations, the unscented transform (UT) was employed. The
operational problem was formulated as a constrained single-objective
optimization model with the goal of reducing total MG operational
costs while meeting system constraints. To solve this, a modified marine
predator algorithm (MMPA) was introduced as a robust as well as effi-
cient optimization technique. To improve the EMS of DC MGs with
incorporated EVs as well as PV production, Manikandan et al. [26]
introduced PO-QSANN, a hybrid technique that combines Parrot Opti-
mizer (PO) with Quantum Self-Attention Neural Networks (QSANN).
The technique reduces costs and enhances efficiency via DC bus stabi-
lization, optimized PI control, and quantum-inspired load prediction. An
intelligent EMS based on a variety of RESs was given by Gaitan et al.
[27]. A flexible EMS constructed by combining various RESs and energy
storage (ES) facilities was referred to as an intelligent EMS. The goal was
to provide a way to incorporate tiny energy sources to act like
higher-power energy sources in order to maximize the usage of energy
potential from renewable sources. Three RESs were included in the
system that was introduced: solar, wind, also hydro. For a smart DC-MG,
Belkhier et al. [28] have demonstrated an intelligent EM control tech-
nique based on a combination of fuzzy logic controller (FLC) methods
and a modified super twisting algorithm (MSTA). The DC-MG integrated
a hybrid energy source of battery, wind, and photovoltaic (PV). An
intelligent MSTA managed source-side converters to prioritize RESs,
maximize power, and ensure stable, high-quality output efficiently.
Using a Raspberry Pi microcontroller, Carrasco-Gonzalez et al. [29] have
demonstrated the design and implementation of a unique intelligent
EMS for a grid-connected hybrid MG (HMG) with AC and DC MGs. The
DC MG incorporates DC loads, a WT, an ultracapacitor (UC), as well as a
hydrogen system. In the meanwhile, the AC MG consists of a PV
generator, three-phase loads, and a battery bank. Each device in the
HMG was controlled by a local controller, and all of the devices were
regulated by a dynamic FLC-based EMS that was implemented on a
Raspberry Pi microcontroller. A new multi-objective optimization
(MOO) model for designing and improving a Renewable Integrated
Energy System (RIES) that integrates RESs, ES technologies, and energy
sharing mechanisms has been presented by Shafiei et al. [30]. The
approach combines a MOO framework with gravity search algorithm
(GSA) to enhance resilience, cut carbon emissions, and boost economic
benefits, while integrating ES and renewable energy (RE) to minimize
energy losses as well as balance supply with demand. Comparative
analysis of methods EM in MGs integrated with RESs and HESS is
illustrated in Table 1.

1.3. Research gap and contributions

Although several methods have been suggested for EM in MGs in-
tegrated with RESs and HESS, significant gaps remain. Approaches such
as PDO-MACNN focus on reducing harmonic distortion and stabilizing
the DC-link voltage, but they lack adaptability to dynamic load and
generation conditions. ANN-based methods emphasize SoC preservation
and voltage control but fall short in predictive accuracy for highly var-
iable renewable outputs. Hybrid techniques like FFO-DADRCNN
improve load prediction and control but do not sufficiently address
emission reduction or renewable utilization. Similarly, strategies such as
NARX-NARMA-L2 and MRA-FLC manage resource coordination but fail
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Table 1
Comparative analysis of EM techniques in MGs integrated with RESs and HESS.
Refs. Methodology System Configuration Key Focus / Contribution Limitations
Sathishkumar etal. =~ PDO-MACNN Grid-independent hybrid RESs with Forecasts RESs performance and optimizes inverter ~ Limited adaptability under highly
[16] HESS parameters to minimize THD and maintain DC-link uncertain RESs and nonlinear load
stability. changes.
Ramu et al. [17] ANN DC MG with PV, Battery + SC Stabilizes SoC, balances PF, and manages DC Performance degrades under abrupt

Kumar et al. [18]

Chekira et al. [19]

Sruthi et al. [20]
Srikanth et al. [21]
Alghamdi [22]
Kumar &
Karthikeyan

[23]
Merabet et al. [24]

Hai et al. [25]

Manikandan et al.

[26]

Gaitan et al. [27]

Belkhier et al. [28]

Carrasco-Gonzalez

et al. [29]

Shafiei et al. [30]

This Work
(Proposed)

FFO-DADRCNN
NARX + NARMA-
L2 ANN
MRA-FLC
CNN-ECOA

IGBO

GJO
Parameter-based
EMS

MMPA

PO-QSANN

Intelligent EMS

with multiple RES

MSTA + FLC

Fuzzy Logic EMS on

Raspberry Pi

GSA-based MOO

WbOA-APINN

Smart MG with PV, WT, Storage

MG with PV/WT and HESS (Battery +
SC)

DC MG with RESs and Battery (EVC
support)

Centralized EMS for MG with PV +
Battery

MG integrating RESs and non-RES

Distributed Generation MG with RESs
+ BESS

Hybrid Solar-Wind MG with Battery
Storage and Grid Connection

MG with V2G and RES

DC MG with PV and EVs

Standalone hybrid system with solar,
wind, hydro + batteries & hydro
basin storage

Smart DC-MG with PV, Wind, Battery
bank

Grid-connected hybrid MG with AC
and DC subsystems (PV, WT,
hydrogen, battery, UC)

RIES with RES, storage, energy
sharing

Grid-connected MG with PV, WT,
Battery, and SC (HESS)

voltage profile under varying PV generation.
Enhances load prediction and operational control
for grid stability.

Combines MPPT with decision logic for energy
scheduling under variable loads.

Manages PF to reduce storage degradation and
support consistent EVC.

Learns nonlinear mappings for efficient SoC
balancing without detailed system modelling.
Effective scheduling and cost minimization through
hybrid RESs and BESS coordination.

Cost reduction with constraint handling under EM
objectives.

Contribution factor-based battery power allocation
depending on grid price; load shifting for cost
reduction.

Tackles uncertainties in EV, renewable generation,
load, and market price variations for cost
minimization.

Stabilizes DC voltage, reduces operating cost,
improves load prediction accuracy via quantum
attention.

Increases renewable utilization by integrating
small-scale RESs into a higher-capacity source;
flexible EMS for standalone operation.

Controls source-side converters to maximize
renewable power extraction, ensure smooth power,
and prioritize RESs to reduce cost.

Implements fuzzy EMS with local controllers for
multi-device coordination; validated against
conventional EMS.

Enhances resilience, carbon reduction, and
economic benefit; minimizes losses through optimal
integration.

Optimizes PF and forecasts renewable generation
and load to reduce cost, emissions, and improve
efficiency.

load fluctuations or faulty sensors.
High computational burden;
prediction accuracy highly
dependent on data quality.

Complex tuning; limited
generalization to unseen load
patterns.

May not scale well to large or highly
dynamic MGs.

Requires substantial training data
and lacks decision transparency.
Limited scalability and slower
convergence for larger MGs.
Sensitive to initial parameter settings
and heuristic biases.

Limited forecasting under high
uncertainty.

Single-objective optimization limits
multi-criteria performance.

Computational complexity and large
training data requirements.

No grid connection; limited
scalability for urban applications.

Controller design complexity;
performance sensitive to parameter
tuning.

Processing limitations of Raspberry
Pi may restrict large-scale
applications.

Complexity increases with larger-
scale multi-objective formulations.

Fixed emission factor; does not
consider real-time market price
dynamics.

to quantify their overall impact on efficiency. CNN-ECOA improves SoC
balancing but remains limited in adaptability under fluctuating condi-
tions, while IGBO and GJO primarily target cost optimization without
validating performance under high renewable penetration and emission
constraints. The restrictions point to the necessity of more powerful
solutions that would result in less energy consumption, less emission,
more efficiency, and proper integration of renewable in active envi-
ronments. In order to address these issues, this paper suggests the
WbOA-APINN method of intelligent EM in renewable-integrated MGs.
The WbOA can optimize the power distribution and charge-discharge
timetable of the HESS, whereas the APINN generates the realistically
accurate forecasts of the renewable production and load necessities.
Collectively, they create a synchronized optimization-forecasting system
that would provide efficient scheduling, cost-saving, emission-reduc-
tion, and used RE more effectively.

The choice of WbOA over more established metaheuristics like Par-
ticle Swarm Optimization (PSO), Genetic Algorithm (GA), or Whale
Optimization Algorithm (WOA) is deliberate. WbOA provides a better
trade-off between exploration and exploitation by way of its tunnelling
and foraging functions, making it is able to escape early convergence
and reach stable solutions in nonlinear and constrained scheduling is-
sues. In combination with APINN, which entails physical constraints of
the prediction process, the synergy here is clear: WbOA is used to
generate high quality globally optimized scheduling decisions, whereas

APINN is focused on attaining predictive accuracy in the presence of
varying renewable and demand conditions. This iterative integration
transcends beyond an incremental integration of already existing
methods to provide a single optimization-prediction framework specific
to renewable-integrated MGs.

The following is a summary of this work’s contributions:

e The WbOA-APINN approach is suggested for EM in MG systems in-
tegrated with RESs and HESS.

e WbOA is utilized to optimize power distribution and the char-
ge—discharge scheduling of HESS components, ensuring efficient
resource utilization.

e APINN is utilized to accurately predict RE generation and load de-
mand, supporting proactive control decisions.

o The integration of WbOA and APINN enhances EM by minimizing
energy consumption, emissions, and operational cost while
improving system efficiency and increasing RE utilization.

The novelty of this approach lies in combining WbOA’s optimization
capability with APINN’s physics-informed predictive modelling. Unlike
existing methods, the suggested technique embeds system dynamics into
the learning process, enabling adaptive and accurate control strategies.
This enhances renewable utilization, reduces operational costs and
emissions, and ensures reliable and efficlent MG operation under
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varying conditions.

The remainder of this work is structured as follows: Part 2 explains
the configuration of the MG integrated with RESs and HESS. Part 3
presents the cost reduction strategy using the WbOA-APINN technique.
Part 4 discusses the results and discussion. Part 5 concludes the
manuscript.

2. Configuration of microgrid system integrated with RESs and
HESS

Fig. 1 demonstrates the detailed design of a MG system that combines
RESs and a HESS to ensure reliable as well as sustainable energy supply.
The RESs consist of WTs and PV panels, both of which are responsible for
harnessing RE from natural sources and converting it into DC power
using respective dedicated converters. These DC outputs are then con-
nected to a central AC/DC converter interface, allowing bidirectional PF
between the generation sources, the load, and the utility grid. This
configuration enables the system to either feed surplus energy into the
grid or draw from it when required. To address the variability and
intermittency of RESs, a HESS is incorporated, consisting of a BESS and a
SC. Both storage units are connected to the DC bus through their own
converters, which manage the charge and discharge processes inde-
pendently and efficiently. The suggested WbOA-APINN technique gov-
erns the EM by optimizing power distribution and HESS scheduling
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using the WbOA, while the APINN predicts renewable generation and
load demand to support efficient decision-making across the system.

2.1. Modelling of wind

The mechanical power extracted by a WT is governed by the kinetic
energy of the wind flowing through the rotor swept area and is expressed
as [31]:

= Locupave 8

Pu(®) = 5

Where p denotes air density, A indicates swept area of the blades, Cp
represents power coefficient depending on tip-speed ratio A and pitch
angle g.

The practical electrical output power of a WT is determined by its
cut-in, rated, and cut-off wind speeds (WS). It can be expressed as:

0 V(t) < Vgn oOr V(t) > mef

V(t) — Vg
Pyr(t) = P}‘;"H Van < V() < W 2
cn

PKV VR < V(t) < Vco_ff

where Viin, Vg, and Vi are the cut-in, rated, and cut-off WS, respec-
tively, and P¥ is the rated power of the WT. A probability density
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function (PDF) is a curve that shows WS over the course of the year.

v2

Py £v<w) = /dev 3

vl

P(Ogvgoo):/dev:l @

vl

Where F, represent the WS PDF, v; and v, represent the any 2 WS.
The Weibull probability function, which forms the basis for explaining
WS statistics, is defined as follows:

P K e ()

where, K, C and v stand for the shape parameter, scale parameter, and
WS, respectively. The following formula can be used to get the WS at a
given height:

()

where the WS at the required height is represented by V, V; and a. The
friction coefficient is denoted by Ey, and the WS at reference height by
EWT~

Pyr (t) = MyrPwr (t) @

where My represent the number of WT.

2.2. Modelling of SC

In addition to the BESS, a SC is integrated into the HESS of the MG.
The SC is chosen due to its complementary characteristics compared to
batteries. It provides high power density, rapid charge-discharge capa-
bility, and a long cycle life, making it ideal for managing short-term
power fluctuations in renewable generation and load demand. Specif-
ically, the SC is used to handle sudden power surges or drops, absorbing
excess energy during renewable generation peaks and providing power
during short-term high load demands. This approach reduces the stress
on the battery system, improves the overall EM efficiency, and signifi-
cantly extends the battery’s lifespan. Unlike large-scale applications that
typically use hydro-pumped storage for bulk EM, SCs are more suitable
for distributed, small- and medium-scale MG applications where space is
limited and fast response is required. SCs are among the newest ad-
vancements in power storage technology, especially in integrated sys-
tems [32]. In this setup, a capacitance (csuperc,,pacimr) is connected to an
analogous series resistance (Fsupercapacitor) - The SC voltage (Vsupercapacitor) a$
a function of the SC current (isupermpacimr) is calculated using the formula
below:

X lsuyu pacit

Vsupercapacitor =V — rsupu ap

it . (3
— qsupercapacl or r RS,

upercap upercap

S supercapacitor

Where, qsupercapacitor indicates quantity of electricity present in the cell.
The power of SC psupercapacitor iS determined using Eqn (8)

qsupercapacitor

_ . 2
psupercapacitor - X lsupercapacitur - rsupercapacitor X lsupercgpaciwr (9)

supercapacitor

2.3. Modelling of PV

The best design of a solar PV cell depends on modelling, which raises
the PV system’s overall performance. Any PV system’s behaviour in real
time can be efficiently mirrored by a precise and comprehensive PV cell
model. However, the cell’s intrinsic nonlinearity, modelling PV cells can
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be difficult [33]. The total current produced by the single-diode PV
model is shown by the following expression:

I=Iy — I3 —Ip (10)

where Ipy indicates the current produced by the PV, I; indicates the
current passing through the diode, and Ip indicates the current through
the shunt resistance. With the substitution of Ijandlp, the present
equation can be expressed as follows:

\Z1 V + IRy
I =1y —I|ex -1 - (— 11
v O( p<q1 Vi >) ( Rp ) an

where V; denotes the thermal voltage, q; indicates ideality factor, I
represent the diode d is the diode leakage current and Ry indicates the
number of cells linked in series. A PV system’s power output is largely
influenced by its surroundings. Therefore, the following formula can be
used to represent the current produced by a PV source mathematically:

Iy = (é) [Isc + K; (T — To)] (12)
&o

where Isc denotes the short-circuit current under standard test condi-
tions, the current coefficient factors are represented by K;, while the
actual temperature and irradiation values are denoted by g and T,
respectively. The cell temperature in Kelvin is indicated by T, and the
Boltzmann constant is represented by K.

2.4. Modelling of battery storage

The BESS is modelled using standard energy balance equations to
track the SoC at each time step during charging and discharging [34].
The equations are given by:

pb(t) X ”Sys,b x At

SoC(t) = SoC(t—1) x (1 —0p) +
) (t=1) x (1~ 0pa) T X Con vt

13)

pb(t) X r]Sysb x At

SoC (t) = SoC (t—1) x (1 —Cpar) — ——
B SYsuni

a4

Where p,(T) represents the battery power at all times T, SoC (T) the
level of charge of the system battery at any time T, o}, the self-discharge
rate of the storage battery, and 7, , the effectiveness of the storage
battery’s charging and discharging. To increase the lifespan of the
storage battery, it should not be overcharged or over discharged. Stated
otherwise, the storage battery’s SoC must remain within the specified
bounds at all times T:

S0Cuw < SoC(t) < SoCuux (15)

where SoC py and SoCyax denotes the storage battery’s minimum and
maximum permitted SoC, respectively.

2.5. Power converter modelling

The greatest predictable power of loads (Power}™) should be sup-
ported by a converter [35]. As a result, the inverter efficiency (,,,) is
used to estimate the inverter rated power (Power;,,) as follows:

Powerax
Powery, — —2%ioad a7
Niny

2.6. AC grid modelling
The AC grid converter system’s mathematical modelling can then be

expressed as follows [36].

DVG iG ilG
_6_ 1 18
DT Cg Cg ( )
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Ve DlG Vpc

Lt 1-u) == - 1
L or T o d 19
DVDC 7 il

C(l—wyle _le g 20
DT ( U)CDC CDC+ 2 ( )

Where, igrefers rectified current of grid, vsrefers grid rectified input
voltage, uindicates controller signal, d;and d,indicates dynamical un-
certainty in the parameters of the energy stage, i, indicates current of
the inductor, cpcindicates DC-link capacitor.

2.7. Objective function (OF)

The CO: emissions are computed using the following equa-
tion:CO4 Emissions = Zf: 1 @co, - Eco, (t) (21)

Where, wco, denotes weighting factor or emission factor for CO:z in
kg, Eco, (t) represents energy generated from non-renewable sources at
time step t, and k indicates total number of time steps.

The system efficiency is calculated using the following equation:

S Dioad (£) X At

[va (t) + PWT (t) + PGrid (t)} X At (22)

”xystem = k
2o

Where, pjoaa (t) represents power supplied to the load, P,, (t) denotes
power generated by PV units, Pyr (t) is power generated by WTs, Pgyig (t)
denotes power imported from the grid, and At represents time interval of
the simulation.

The reported energy consumption is now presented as the total en-
ergy delivered to the load during the simulation period, in kilowatt-
hours (kWh):

k
Ecamumed = Zpluud (t) x At (23)

t=1
The equation used to compute the operational cost is as follows:

k
Coperational = Z [PGrid (t) X Cgrid + Pnon—res (t) X Cnon—res + CO&M + Cdeg] x At

t=1

(24)

Where, Pgq (t) is power imported from the grid, Ppon_res (t) represents
power generated by non-renewable sources, Cgq denotes grid electricity
price, Cuon_res TEpresents non-renewable generation cost, Cogy is fixed
operation and maintenance cost per time interval, and Cyg denotes
battery degradation cost.

3. Cost reduction of MG system integrated with RESs and HESS
based on WbOA-APINN technique

Minimization of energy consumption, emissions, and operational
cost, along with the enhancement of efficiency and renewable utilization
in MG systems integrating RESs and HESS, is the main focus of this
study. The proposed WbOA-APINN framework combines metaheuristic
optimization with physics-informed forecasting. WbOA optimizes power
distribution and HESS scheduling, while APINN predicts renewable
generation and load demand profiles with high accuracy under uncer-
tainty. This dual approach ensures that scheduling decisions are both
optimized and supported by physically consistent forecasts. The
following subsections provide a detailed description of the WbOA
optimization and APINN prediction components.

3.1. Optimization using WbOA technique
The WbOA is a bio-inspired metaheuristic algorithm modelled on the

burrowing and foraging behaviours of wombats [37]. In this approach,
each wombat (wb) represents a potential solution to the EM problem,
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with its “position” corresponding to a candidate scheduling and power
allocation strategy. The algorithm operates through two alternating
phases. During the exploration, or foraging phase, candidate solutions
survey wide regions of the search space, emulating Wbs scanning large
habitats for food. This mechanism helps prevent premature convergence
to suboptimal schedules. In the exploitation, or tunnelling phase,
candidate solutions concentrate on promising regions, refining char-
ge—discharge schedules by focusing on high-fitness areas. This ensures
convergence toward near-optimal strategies. The careful balance be-
tween exploration and exploitation makes WbOA particularly
well-suited for MG EM problems, which are characterized by non-
linearities, operational constraints, and fluctuating inputs. The detailed
procedural steps of WbOA are described as follows.

Step 1: Initialization

Input parameters such as solar irradiance, WS, battery SoC, and
power levels of SC and battery are initialized.

Step 2: Random Generation

Random vectors generate multiple candidate solutions, ensuring di-
versity in initial configurations of power distribution and HESS sched-
uling. This increases the chances of finding global optima.

Step 3: Fitness Function

Evaluate the fitness value of each candidate solution based on
criteria such as minimized operation cost of the system.

F = min (Coperationat + CO2 Emissions) (25)

Where, Fdenotes fitness function.
Step 4: Exploration

The location of the Wb in the problem-solving space undergoes an
update during the first phase of WbOA based on its foraging behaviour
modelling. The herbivorous Wb organically traverses over an extensive
portion of its habitat in search of sustenance because of its proficient
searching capacity. The Wbs scans broad regions for viable EM

strategies.
Eq. (26) is used to determine each Wb’s set of foraging sites.
Cfoy = (Y frandi # j} 26)

Where, Cfp; denotes the set of possible foraging positions for the jih
Wb, Y; denotes a population member with a higher OF value than the j™
Wb, and f; denotes the OF value.

It is assumed in the design of WbOA that the Wb moves in the di-
rection of one of these fodder positions at random. Each WbOA member
has a new position determined by Eq. (27). Using if this new position
increases the OF value, it replaces the previous position of the linked
member, as per Eq. (24).

N % = Yik + Rix: (Sﬁ’j.k —Ejx )’;k) 27
nool g

y,= {0 S = (28)
Y, ELSE

Where, Sfp; indicates selected forage position for the jth Wb, Yf’l
denotes new position calculated for the jth Wb, yj’}( denotes its j
dimension, f}”l denotes its OF value, R denotes random numbers from

the interval [0, 1], Ejx denotes numbers which are randomly selected as
1or2.
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Step 5: Exploitation

Wbs simulates tunnelling behaviour to evade predators, which
metaphorically guides them to better local optima in energy scheduling.
The Wb creates numerous tunnels in its territory because of its strong
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digging capabilities. Under threat from predators the Wb chooses to
evade attack by plunging toward nearby tunnels to save itself.

New positions are computed based on neighbouring high-fitness
zones, reflecting possible charge/discharge actions using of Eq. (29)
during the positioning calculation process in the WbOA design

( sar

)

Initialize the input parameters such as solar irradiance,
wind speed, battery SoC, and power levels of battery, and SC

Create random energy schedules as starting solutions

Minimize the operational cost of the system

Whbs search across many options to find new and better
energy schedules

Whs fine-tune the best schedules by making small local

changes

Termination Criteria

Stop

C

)

Fig. 2. Flowchart of WbOA.
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framework. The Eq. (30) will replace the existing position of the member
but only when the new position results in better OF value.

Uby — Lb

ik =Yk (1= 2Rye) == (29)
Y2 Pr<f

y,= 9 = (30)
Y, ELSE

Where, Y}’zdenotes new position calculated for the jth Wb based on

the escape phase, yﬁdenotes its jth dimension, f}”2denotes its OF value,
Tdenotes iteration counter.

Step 6: Termination

The process terminates either when the maximum number of itera-
tions is reached or when improvements fall below a tolerance threshold
for several iterations. This ensures computational efficiency without
sacrificing accuracy. By iteratively updating solutions through these
phases, WbOA identifies optimal scheduling strategies that balance
renewable generation, HESS operation, and grid interaction. A flow-
chart of the process is shown in Fig. 2.

3.2. Prediction using APINN technique

In MGs, the APINN is used to forecast load demand profiles and RE
generation [38]. Unlike conventional neural networks that rely purely
on data, APINN incorporates physics-informed constraints into its
learning process, ensuring that predictions adhere to the underlying
physical laws governing energy flow. The technique employs soft
domain decomposition, where a gating network partitions the input
domain into sub-regions. Each sub-network then specializes in capturing
localized patterns, such as midday solar peaks or evening load rises,
which prevents overfitting and effectively models heterogeneous system
behaviour. Additionally, APINN utilizes a physics-informed loss func-
tion that integrates boundary conditions, such as power balance con-
straints, residuals of governing partial differential equations (PDEs)
describing renewable generation and load dynamics, and continuity
losses to enforce smooth transitions across sub-networks. This combi-
nation ensures that the predictions remain consistent with both
observed data trends and physical feasibility.

The output of the APINN model is defined by this Eqn (31).

m

vo(z) = Y (H(2))Fi(g(2)) (€3]
i=1

Where, vy(z) denotes predicted solution of the PDE, (H(z)),is the
gating function that assigns a weight to each sub network, F;(g(z)) rep-
resents the sub network responsible for solving a sub domain and g(z) is
a shared network that extracts features from the input.

The total loss function of APINN is represented by the following Eq.
(32).

P(0) = miz Iva(zhs) — q(zs) | + miz 1Ly (32) — () (32)

Where, P(0) is the total loss used to train the network, m, and
m,denotes number of boundary and residual points, respectively, V, (zb_i)
is the predicted solution at boundary points, g(z;)is the known
boundary condition,Lv (2,;) indicates PDE residual loss, f(2;) indicates
source term of the PDE.

The controlling PDE, which governs the physical behaviour of RE
flow and demand, is expressed as Eq. (33):

Lv'(2) = f(2), v'(2) = q(2) on 0Q (33)

Where, L is a differential operator applied to the solution,v*(z)is the
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exact ground-truth solution, f(z) is the external forcing function or
source term, g(z)is the known boundary condition and dQ represents the
boundary of the solution domain.

The behaviour of the gating function, which blends contributions
from sub-networks, is defined by Eq. (34):

(H(z1), = 1 - (H(z,1)), = ¢ 34
Where, H(z, t)determines how the sub networks contribute to the

final solution, (H(z,t)),and (H(z,t)),are the weighting functions for two

sub networks and e ‘ensures a smooth transition between subdomains.
Eq. (35) ensures smooth transitions between sub-networks, pre-

venting abrupt changes in forecasts.

d
)

n=1

y

1 my
Sa(6:,6)) = m“_kz
b =1

v (Zx) v (Z)
oz oz | (35)

y

Where, S, (91-76’,-) denotes continuity loss function, m;; denotes
number of interface points between sub networks iandj,

vy, (Z1x ovg; (Zix)
1d(z,, ) nd sz,.

from sub network iandj. APINN effectively predicts RE generation and
load demand profiles, thereby enabling improved scheduling, resource
planning, and system operation in MG environments.

To ensure fairness in performance evaluation, all algorithms were
tested under identical conditions. Table 2 summarizes the simulation
setup.

The hyperparameters for each algorithm were carefully tuned to
ensure fair comparison. WbOA used a population size of 30 with 500
iterations to balance convergence and runtime. APINN was trained with
four hidden layers and ReLU activations, optimized using Adam.
Competing methods such as MACNN and ANN were also configured
with commonly accepted parameters for unbiased evaluation. These are
summarized in Table 3.

represents the derivative of the predicted solution

4. Results and discussion

The performance of the suggested WbOA-APINN method for
improving EM in MG systems integrated with RESs and HESS is
demonstrated in this section through simulation results. This method
aims to minimize energy consumption, emissions, and operational cost
while enhancing efficiency and RE utilization by optimizing power
distribution and HESS scheduling, and accurately predicting renewable
generation and load demand. The approach has been implemented on
the MATLAB, and its effectiveness in managing energy flow and system
performance under varying operating conditions has been thoroughly
evaluated and compared with existing methods.

Fig. 3 shows evaluation of solar radiance. The radiance pattern be-
gins with 0 W/m? from O to 6 h, rises sharply after sunrise, and reaches
nearly 250 W/m? at 9 h. The maximum value is observed at 12 h with
700 W/m?, which then decreases symmetrically to 400 W/m? at 14 h
and 100 W/m? by 17 h, finally dropping back to 0 W/m? after 18 h. This
pattern reflects typical daily solar availability, with maximum energy

Table 2
Experimental setup and simulation environment used for all compared
algorithms.

Category Details
Software MATLAB R2020a
Environment

Toolboxes Used Optimization Toolbox, Deep Learning Toolbox, Parallel
Computing Toolbox
Solver fmincon (constrained nonlinear optimization solver)

Simulation Horizon 24 h (86,400 time steps)

Simulation Time 1s
Step
Dataset & Identical dataset and system constraints applied to all

Constraints algorithms
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Table 3
Hyperparameters of the suggested WbOA-APINN and benchmark algorithms.
Algorithm  Hyperparameters
WbOA Population size = 30; Iterations = 500; Exploration—exploitation =
random [0,1]
APINN Hidden layers = 4; Neurons/layer = 64; Activation = ReLU; Learning
rate = 0.001; Batch size = 128; Epochs = 200; Optimizer = Adam
MACNN Conv. layers = 3; Kernel size = 3 x 3; Filters = 32, 64, 128; Activation =
ReLU; Learning rate = 0.001; Optimizer = Adam
ANN Hidden layers = 3; Neurons/layer = 64; Activation = Tanh; Learning
rate = 0.005; Optimizer = SGD with momentum
PDO Population size = 20; Iterations = 400; Inertia weight = 0.7;
Acceleration constants = ¢l =c2=1.5
800 T T T :
700 1
600 - 1
o~
o
§500 ] ]
g 400 1
=
3
= 300 | i
<
[~
200 - 1
100 1
0 . . . .
0 5 10 15 20

Time (hours)

Fig. 3. Evaluation of solar radiance.

potential concentrated in midday hours. It directly drives PV generation,
showing the critical dependency of renewable supply on natural con-
ditions. Fig. 4 illustrates evaluation of WS. The WS starts very low at
around 0.3 m/s during the first hour, increases gradually to 0.6 m/s at 4
h, and continues to rise to 1.5 m/s by 9 h. Between 10-12 h, it fluctuates
around 1.7-1.9 m/s, before dropping slightly to 1.4 m/s at 15 h. Af-
terward, it shows a second growth phase, reaching 2.0 m/s at 20 h and
peaking at 2.2 m/s around 21 h, before tapering slightly to 1.9 m/s by 23
h. These irregular fluctuations highlight the intermittent nature of wind
resources, demonstrating the need for HESS to buffer variability and
maintain supply stability. Fig. 5 denotes evaluation of WT power. The
WT power output starts at about 0.8 kW at 1 h, increases gradually to 2.5
kW at 5 h, and further rises to 4.1 kW by 7 h. A noticeable surge is seen at

w

W in
T .
| \

N
n
.

.
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b

—

b
n
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Fig. 4. Analysis of WS.
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Fig. 5. Assessment of WT power.

11 h where output peaks at 6.8 kW, followed by fluctuations between
3.5-5.0 kW until 13 h. The highest generation occurs around 15 h with
10.8 kW, after which the power stabilizes at 4.5-5.5 kW from 16 to 20 h.
Toward the end of the cycle, the values decline, reaching 2.2 kW at 22 h
and about 0.6 kW by 23 h. Small changes in WS cause large swings in WT
power due to cubic dependency, explaining the spikes observed. This
underlines the importance of optimization in ensuring grid stability
when relying on wind energy. Fig. 6 shows evaluation of grid power. The
grid power remains steady at around 0 kW until 5 h, after which it starts
oscillating significantly between —10 kW and +20 kW. From 6 to 16 h,
the oscillations intensify, mostly fluctuating in the range of 5-18 kW
with repeated peaks. After 17 h, the magnitude decreases slightly, with
oscillations narrowing down to 3-10 kW. These exchanges balance
renewable intermittency, with the proposed strategy ensuring grid de-
pendency is minimized and controlled within safe bounds.

Fig. 7 implies evaluation of load power. The load demand begins at
0 kW at 0 h, then increases progressively to about 5 kW at 4 h, reaching
12 kW at 10 h. It further rises to 15 kW at 13 h and peaks at nearly 18 kW
around 16 h. Afterward, the demand starts reducing, dropping back to
12 kW at 20 h, and ends close to 10 kW at 24 h. This daily cycle reflects
realistic residential/industrial demand. Proper forecasting of this trend
enables efficient scheduling of storage and renewable dispatch. Fig. 8
shows evaluation of PV power. The PV generation initiates at 0 kW until
6 h, increases steadily to 7 kW at 8 h, and reaches its maximum of about
15 kW around 11 h. After that, it decreases symmetrically, dropping to
10 kW at 13 h, 3 kW at 16 h, and finally to 0 kW after 18 h. The bell-
shaped curve confirms model accuracy and highlights PV’s role as the
main daytime energy source. Its predictability makes it a stable

20

15

Power [kW]

0 5 10 15 20

Time (hour)

Fig. 6. Evaluation of grid power.
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Fig. 7. Analysis of load power.
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Fig. 8. Examination of PV power.

contributor when coupled with storage. Fig. 9 shows evaluation of SC
power. The SC output remains mostly close to 0 kW throughout the day,
with very small fluctuations between —1 kW and +1 kW. For example,
minor peaks appear at around 2 kW at 8 h and again at 9 h, but values
return near 0 kW quickly. This demonstrates the SC’s role as a fast-
response buffer, absorbing excess or providing short bursts to stabilize
the DC bus without straining the battery. Fig. 10 illustrates evaluation of
SoC. The SoC varies slightly between 84.3 % and 85.4 % across the full
time span. At the start, the SoC is about 84.9 %, dips marginally to 84.6
% at 5 h, and then rises steadily, peaking at 85.4 % around 13 h. Af-
terward, it decreases to the lowest point of 84.3 % near 20 h, before
climbing again towards 84.8 % by 24 h. This narrow band shows
controlled charge-discharge cycles, preventing deep cycling and

]
=

thereby prolonging battery life. The WbOA scheduler ensures balanced
operation between SC and battery to maintain SoC stability. Fig. 11
shows evaluation of battery power. The battery begins with a charging
state of around 2 kW at O h, increases to about 6 kW at 5 h, and then
shifts into discharge mode, reaching —10 kW at 12 h. Following this, it
recovers back to +6 kW at 18 h, stabilizing around 7 kW at 21 h, and
then maintaining about 6 kW towards the end. This behaviour validates
the role of the battery in long-duration energy shifting, unlike the SC
which addresses short transients. Fig. 12 shows the convergence of
WbOA. The convergence curve shows rapid improvement in early iter-
ations and stabilization before the iteration limit. This demonstrates that
WDbOA avoids premature stagnation and efficiently finds near-global
optima, validating its robustness for EM scheduling.

[
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T

SC Power [kW]
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1 1
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Fig. 9. Analysis of SC power.
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Fig. 10. Evaluation of SoC.
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Fig. 11. Evaluation of battery power.
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Fig. 12. Convergence of WbOA over iterations.

Table 4 provides a detailed comparison of the suggested WbOA-
APINN method with existing methods. The WbOA-APINN records the
best performance with an emission of 68 kg, operational cost of $124.5,
efficiency of 98.7 %, and energy consumption of 1460 W. The PDO-
MACNN method shows an emission of 75 ppm, cost of $135.2, effi-
ciency of 96.7 %, and energy usage of 1510 W. The ANN method results

Table 4
Performance comparison of suggested and existing approaches.

in the highest emission of 94 ppm, the highest cost of $158.6, the lowest
efficiency at 90.7 %, and the highest energy consumption of 1635 W.
FFO-DADRCNN achieves 81 ppm emission, $140.4 cost, 92.6 % effi-
ciency, and 1575 W energy use. MRA-FLC records 88 ppm emission,
$149.8 cost, 93.4 % efficiency, and 1610 W energy consumption.
Finally, CNN-ECOA shows 73 ppm emission, $137.9 cost, 91.3 % effi-
ciency, and 1550 W energy usage. Competing methods such as ANN
perform poorly due to limited adaptability, while hybrid methods like
PDO-MACNN and CNN-ECOA perform moderately but are outperformed
by the proposed approach. This proves the advantage of combining
physics-informed forecasting with optimization.

The WbOA-APINN method requires slightly higher computational
time compared to ANN, PDO-MACNN, and CNN-ECOA is shown in
Table 5. This is primarily due to the integration of both optimization
(WbOA) and physics-informed predictive modelling (APINN). However,
the additional overhead remains acceptable, since MG EM typically
operates on scheduling horizons (minutes to hours). Importantly, the
improved operational cost reduction, emission minimization, and effi-
ciency gains achieved by WbOA-APINN outweigh the marginal increase
in computational demand.

Table 5
Computational time comparison of suggested and existing approaches.
Methods Computational Relative Remarks
Time (s) Complexity

ANN 4.2 Low Fast convergence, but
limited accuracy in
prediction.

PDO- 7.9 Moderate Additional complexity

MACNN from multi-scale attention
layers.

CNN-ECOA 8.4 Moderate-High Optimization and CNN
training increases
overhead.

WbOA- 9.6 High Higher due to joint

APINN optimization WbOA and
(proposed) APINN prediction, but

justified by superior
performance.

Methods CO; Emission (kg) Operational cost ($) Efficiency (%) Energy Consumption (W)
WbOA-APINN 68 124.5 98.7 1460
PDO-MACNN 75 135.2 96.7 1510
ANN 94 158.6 90.7 1635
FFO-DADRCNN 81 140.4 92.6 1575
MRA-FLC 88 149.8 93.4 1610
CNN-ECOA 73 137.9 91.3 1550
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Table 6
Statistical evaluation of algorithm performance (20 independent runs, mean +
standard deviation, with ANOVA and paired t-test results).

Metric WbOA- PDO- ANN ANOVA WbOA-APINN
APINN MACNN p-value vs. PDO-
MACNN (t-
test)
Operational 124.5 + 136.2 + 140.7 < 0.01 p =0.003
Cost ($) 1.8 3.5 +29
Efficiency (%) 98.7 + 97.9 + 97.5 + < 0.01 p = 0.001
0.2 0.4 0.3
Emissions (kg 0.15 + 0.21 + 0.24 + < 0.01 p =0.004
COz2/kWh) 0.01 0.02 0.02

Table 6 presents the results of statistical significance testing based on
20 independent simulation runs. The values are reported as mean +
standard deviation for each metric. A one-way ANOVA test was first
conducted across all methods, and the resulting p-values (< 0.01 for all
metrics) confirm that the performance differences among the algorithms
are statistically significant. To further validate the superiority of the
suggested WDbDOA-APINN approach, paired t-tests were performed
against PDO-MACNN, which was identified as the best-performing
competitor in Table 2. The results show that WbOA-APINN achieves
significantly lower operational cost (p = 0.003), higher efficiency (p =
0.001), and reduced emissions (p = 0.004) at the 95 % confidence level.
These findings confirm that the improvements reported in Table 4 are
not due to random variation but are statistically robust, thereby rein-
forcing the effectiveness of WbOA-APINN.

4.1. Discussion

The suggested WbOA-APINN framework was evaluated in a
renewable-integrated MG with hybrid storage under realistic PV, wind,
and demand profiles. The results confirm effective coordination of
renewable sources, storage units, and the grid. The SC primarily handled
short bursts to smooth fluctuations, while the battery managed deeper
charge-discharge cycles with a stable SoC, ensuring extended lifetime.
Grid interaction balanced variability, and the convergence characteris-
tics of WbOA demonstrated rapid and stable optimization. Compared
with benchmark methods, WbOA-APINN consistently achieved lower
emissions, reduced operational cost, and higher efficiency. Although
computational time was slightly higher than simpler models, it
remained well within practical limits for MG scheduling horizons. Sta-
tistical validation across multiple runs confirmed the robustness of im-
provements. These findings demonstrate that integrating WbOA with
APINN provides reliable forecasting, efficient scheduling, and tangible
economic and environmental benefits. Unlike standalone ANN, which
showed poor adaptability due to its reliance on data alone, or simpler
heuristic methods limited by convergence issues, WbOA-APINN ensures
optimal power distribution and enhanced renewable utilization, making
it highly suitable for sustainable MG operation.

5. Conclusion

This manuscript suggests high-performance method for intelligent
EM in MG systems integrated with RESs and HESS using the WbOA-
APINN technique. The suggested method achieves outstanding results,
recording a minimum emission of 68 ppm, a reduced operational cost of
$124.5, high efficiency of 98.7 %, and the lowest energy consumption of
1460 W. Compared to existing methods such as PDO-MACNN (75 ppm,
$135.2, 96.7 %, 1510 W), ANN (94 ppm, $158.6, 90.7 %, 1635 W), FFO-
DADRCNN (81 ppm, $140.4, 92.6 %, 1575 W), MRA-FLC (88 ppm,
$149.8, 93.4 %, 1610 W), and CNN-ECOA (73 ppm, $137.9, 91.3 %,
1550 W), the WbOA-APINN method outperforms in all key metrics.
Simulation results validate its ability to optimize power distribution,
manage hybrid ES scheduling, and forecast renewable generation and
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load demand under varying conditions. Overall, WbOA-APINN enhances
system responsiveness, lowers environmental impact, and ensures
effective and reliable energy flow in MGs with renewable integration.

5.1. Future works

While this study validated the suggested WbOA-APINN framework
on a single-area MG, several promising extensions remain. Future
research will focus on integrating demand response and EVC as addi-
tional decision variables to enhance flexibility, extending the framework
to larger multi-area and cluster-based MGs with heterogeneous re-
sources, and explicitly modelling uncertainties such as sensor failures,
measurement errors, and communication delays to improve robustness.
Moreover, incorporating detailed voltage and frequency stability con-
straints consistent with IEEE grid codes and adopting advanced elec-
trochemical degradation models for batteries and SCs will provide more
accurate lifetime assessment. These extensions will strengthen the
scalability, practicality, and resilience of the framework for deployment
in next-generation smart MGs.
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